Simulation modeling is useful to understand the mechanisms of the diffusion of innovations, which can be used for forecasting the future of innovations. This study aims to make the identification of such mechanisms less costly in time and labor. We present an approach that automates the generation of diffusion models by: (1) preprocessing of empirical data on the diffusion of a specific innovation, taken out by the user; (2) testing variations of agent-based models for their capability of explaining the data; (3) assessing interventions for their potential to influence the spreading of the innovation. We present a working software implementation of this procedure and apply it to the diffusion of water-saving showerheads. The presented procedure successfully generated simulation models that explained diffusion data. This progresses agent-based modeling methodologically by enabling detailed modeling at relative simplicity for users. This widens the circle of persons that can use simulation to shape innovation.
cedure to the diffusion of sustainable products among households will be presented.
The remainder of this paper is structured as follows. First, we provide background on agent-based modeling of the diffusion of innovations. Second, the procedure that automates the building of such models is presented. Finally, this procedure is applied to a case of innovation diffusion.
Agent-based modeling of innovation diffusion
This section will provide details on agent-based modeling of innovation diffusion, which is the application domain of the proposed automation procedure. We will show that there exists a high degree of standardization of existing diffusion models.
This standardization helps automated modeling.
According to Geels and Johnson [17] , there exist four general types of dynamic innovation diffusion models. We hereby focus on innovation models that are dynamic, because innovation itself is a process of change [18] . (1) Adoption models capture spreading of an innovation among potential adopters, e.g. how the user base of a new product increases via word-ofmouth. (2) Models of up-scaling and system building describe a small system expanding to a larger one, e.g. an electricity system expanding from a decentralized ones to a single centralized system. (3) Replication and circulation models emphasize the replication of an adoption during its circulation to other location. Considering replication emphasizes adapting an innovation to other local conditions. (4) Societal embedding models capture the adoption decisions of individuals in a population, from which overall adoption dynamics 'emerge'.
In this study, we will focus on the individual level models, because of their capability to incorporate more aspects of reality. According to Kiesling et al. [18] , 'individual level' models are superior to 'aggregated' ones (such as system dynamics).
(1) Explanatory power is greater for 'individual level' models, because they explicitly connect behavior and decisions of agents with aggregated diffusion dynamics. (2) Population heterogeneity can be captured more detailed in 'individual level' models. (3) Social processes (e.g. interactions between consumers) are modeled explicitly. This process can have great impact on diffusion success [5] . Agent-based 'individual level' models are particularly suited to model social interactions. In contrast to discrete-event simulation, they are capable of modeling detailed social interaction topologies in a computationally efficient way [13] . Consequently, this study will focus on innovation diffusion models that are agent-based. Automating the building of agent-based innovation diffusion models is facilitated by their similar structure. A review by Kiesling et al. [18] finds that most 'individual level' diffusion models have such a common structure. Accordingly, virtually all agent-based innovation diffusion models are variations of one meta-model, shown in Fig. 1 . This meta-model comprises the following elements: (1) Consumer agents represent the entities than can adopt an innovation. These can be individual persons, households, or groups of households. (2) Social structure is the heterogeneity of consumer agents, e.g. dividing them in different consumer groups. (3) Decision making processes (formalized as decision models) are the key actions of consumer agents to model the adoption of an innovation. (4) Social influence between agents (from peers, social groups or overall population) can affect decision making of consumers and is commonly modeled as a social network graph. This overall similarity simplifies automated model generation. This is because there is less variation in input data and less structural variation than needs to be considered.
Methods
In this section, we will present in detail the automation procedure to building agent-based models on innovation diffusion.
We regard this approach as innovative, because it meets a previously unmet demand and was apparently not met this was previously. According to Garcia and Jarger [14] , a "versatile method of easily testing managerial strategies that influence the degree and speed of diffusion processes is not currently available." When querying the Scopus database for 'agent-based AND innovation AND automat*', no existing similar approach was found.
The automation procedure will be presented by describing it conceptually and by giving details on its implementation. 2 Thereafter, proof of concept is given with an application case.
Automation procedure concept
We coin a method as specified in Fig. 2 , comprising the three phases preprocessing, inverse modeling, and policy simulation.
Preprocessing. This phase is coined preprocessing, because input by the user is not given as raw data, but has to be preprocessed. The following types of input data are strictly required for the presented method to execute:
(1) Input data is provided on agents (i.e. the decision-making entities in an agent-based model Inverse modeling. The inverse modeling phase identifies models that satisfy the provided matching function.
Within a range of plausibility, pre-defined models are varied in their structure and parameter values. For this, the NetLogo tool BehaviorSearch was used [20] . It repeatedly runs each potential model, thereby varying its structure and parameters, searching for an optimal fit with the pattern. The optimum that this search converges to is defined by the user-provided matching function. For the application case, we executed BehaviorSearch with a simulated annealing optimization (see Table 1 for search settings).
At the end of this phase, the user has to choose which tested models from the model library with which structural variation shall be accepted. Accepted model variants should be those that generate realistic results. This decision can be based on the best fitness values and respective parameters, which are reported for each structural variation of each tested model. If a model reproduced all provided empirical patterns, then it can be considered a potential explanation of these input data. Because the user has pre-defined this ideal behavior via the matching function, the fitness value is a strong indicator for this judgement. If model variants of multiple complexity levels match the patterns well, the simplest ones of these variants should be preferred.
This serves to manage the risk of 'overfitting' at high structural complexity [19] . If required, the reported parameters settings for the best fit of each model variation allow the user to simulate and assess these model settings more closely in NetLogo. Table 1 Search setting of simulated annealing optimization. Applied search tool was the NetLogo extension BehaviorSearch. Search parameters are names as in this tool.
Search parameter Value
Mutation rate 0.05 tool in NetLogo. These files are derived from a template, but parsed based on the user choices on policies and models, and the respective parameterizations that previously resulted in a best match with the empirical data.
Application case: diffusion of water-saving appliances
We applied the here presented automation procedure to the diffusion of water-saving showerheads. This was motivated by available empirical data of high quality for this case. We used the proposed automation procedure to generate models that explain these data and to test policies. This served as a proof of concept and illustrates the proposed automation procedure.
Also, it informs us about the mechanisms with which watersaving showerheads could spread. Policy simulation shows how this spreading could be effectively influenced.
Empirical data on application case
Empirical data on the diffusion of water-saving showerheads was used, as presented by Schwarz [21] .
(1) Agents data. Previous research found a significant relationship between lifestyle group and adoption behavior regarding water-saving appliances [21] . Accordingly, three consumer shares in Germany after 15 years of product diffusion show difference in adoption between these consumer groups. Second, the adoption diffusion curve during the first 15 years of innovation diffusion has an exponential shape.
Existing model on showerheads diffusion
An agent-based simulation model was previously built based on some of this empirical data [21] . We will here coin it the 'Schwarz' model. This model describes the decision making of agents regarding the adoption of feedback devices. According to the model, initially no household uses water-saving shower heads. At a monthly deliberation probability of 0.004, each household decides whether to adopt the water-saving option.
There is a probability at which agents adopt the technology option that is adopted by the majority of their peers. This probability is differentiated by the three lifestyle groups [22] : (1) Leading Lifestyles always adopt the device, regardless of their peers; (2) Mainstream agents adopt devices in 50% of the cases, and imitate their peers otherwise; and (3) Hedonists always imitate the majority of their peers.
Evaluated agent-based models
We created a generic model library of two further models.
We coined these models 'Schwarz flexible' and 'TPB', which abbreviates Theory of Planned Behavior.
'Schwarz flexible' model. This model is structurally similar to the 'Schwarz' model, but its parameterization was made 'flexible' in two ways. First, the monthly deliberation probability 1 [21] . We differentiated these two models by an optional word-ofmouth (WOM) mechanism. Without this mechanism being active, all agents can principally deliberate on adoption at any time. If this mechanism is active, agents only consider adopting feedback devices if they are aware of them. At adoption, an agent makes the peers that it influences aware of the device.
The activation of this mechanism thus becomes an additional degree of freedom to the structure of both models. In the inverse modeling phase of the automation procedure, this will become subject to structural model variation.
Automated policy simulation
In addition to enhancing mechanistic understanding, we assessed the impact of policy actions towards innovation diffusion. A policy (i.e. "course or principle of action" [24] ) regarding innovations often aims at directing their diffusion [6] .
Typically, this is increasing their rate of diffusion.
The above presented automation procedure can automatically project the impact of policies on diffusion. This could be used to test implementations of new policies, as well as the termination of previous ones. The automation phase only uses those models for projections of policy impacts that were accepted based on the inverse modeling phase.
As policies to be tested, we chose two marketing strategies at which free products are given away. (1) After 15 years of device diffusion, an additional 10% of households receive a free watersaving shower head. (2) The same policy is applied, but to those households who influence most other households. These selected households can be framed as households of opinion leaders, who are highly connected and influential [18] . They have thus shown particular potential to leverage innovation diffusion [1, 18, 25, 26] . Simulation of this second policy relies on the explicit modeling of the social network. Consequently, it could not directly be tested by some simulation approaches that lack a modeled social network, e.g. system dynamics.
The tested policies have the potential to promote further adoption of this product by social influence and WOM. Time of policy implementation is 15 years after the beginning of product diffusion. From this point in time, no empirical data were available. Policy simulation thus projects the uncertain future diffusion.
Results and discussion
We conducted two simulation experiments, each representing one of the two automated phases of the procedure.
• Experiment 1 simulates the simulation models from the model library and compares simulation results to the original 'Schwarz' model.
• Experiment 2 demonstrates automated policy simulation with the models that were accepted as sufficiently realistic in the first experiment.
Experiment 1: Inverse modeling
In this experiment, two diffusion models ('Schwarz flexible'
and 'Schwarz TPB') were tested for their ability to explain the historical diffusion of water-saving showerheads. This testing is taken out by the inverse modeling phase of the proposed automation procedure. Each of these two models was simulated at two structural variations (with and without the WOM mechanism) and at varied parameters. Simulation results were tested against two empirical patterns: the exponential takeoff of adoption and the empirical market shares of the three consumer groups after 15 years.
The provided matching function that was minimized in order to search for realistic models is shown in Eq. 2. Mainly, the simulated adoption shares are compared to the provided empirical ones. In the inverse modeling phase, mismatching with empirical market shares is minimized. Further, if the shape of the adoption curve is not exponential, then a significant penalty is added to the matching function. Basis for this is the overall adoption share over all agents and the length of a simulation run of 15 years. Matching results (i.e. best fitness and according parameters) are shown in Table 2 .
Results of best matches, shown in Fig. 3 , revealed that model versions without WOM were less able to match the patterns: the Schwarz flexible model, was not able to generate an exponential pattern, while the TPB model could generate exponential increase in adoption, but was not able to match the adoption data at the same time. With the WOM mechanism being active, both models were able to match both patterns. The only N e v ert h el ess, t h e pr o p os e d pr o c e d ur e h as b e e n a bl e t o h a n dl e str u ct ur al u n c ert ai nt y. H o w e v er, u p t o w hi c h li mit s u c h u n c ert ai nt y c a n b e m a n a g e d is n ot k n o w n at t his p oi nt. data-analysis tools, e.g. statistical tests [27] . If these decisions are not cautiously made in the presented automation procedure, quality of results might be compromised. For instance, tested diffusion models might be selected by the user without understanding their functioning.
Conclusion
The question guiding this study has been how the generation of agent-based innovation diffusion models can be automated and how this could be useful. This question has been addressed by specifying and presenting an automation procedure to the generation of agent-based models on innovation diffusion and by applying to a case study.
Implementation and application of the proposed design showed that the automation procedure is applicable to the diffusion of water-saving showerheads. It further enabled high efficiency of time and labor for this case. This serves as a proof of concept and adds weight of evidence to its suitability to automate the generation of agent-based models of innovation diffusion.
This application further revealed several advantages of the proposed automation procedure. Present practices of building agent-based models on innovation diffusion are highly diverse.
Therefore, it does not seem informative to compare the here proposed procedure against any specific existing practice. Instead, we will conclude on the presented method by re-iterating its advantages. We stress that, in combination, these benefits validate the proposed design.
At application, the procedure proved helpful for improving existing diffusion models from empirical data. The previously empirically validated 'Schwarz model' on the diffusion of water-saving showerheads could be refined to increase its realism. For this refinement, word-of-mouth mechanism of communication between consumers was found plausible-both theoretically and data-wise. This role of word-of-mouth adds weight of evidence to the importance of future marketing efforts that leverage this mechanism.
The rigid use of data in the proposed procedure creates model validation by design. The procedure is driven by comparing model output to empirical data, which is central to validation [28] . Further, systematically comparing multiple models (and mechanisms) enables the good scientific practice of being able to falsify those that can not explain empirical observations.
Overall, this has the potential to make agent-based modeling more rigorous than in common practice [11] .
The presented approach allows using relatively complex simulation modeling at low complicatedness for the user. Provided a library of potential mechanisms has previously been implemented, a user would only need to provide key data on a dynamic, potentially complex system. The automated procedure then simulates bottom-up models and then tests their matching with the provided data. This procedure selects potentially explaining mechanisms and thus supporting gaining mechanistic understanding.
Due to this relative ease of use, the presented automation approach helps increasing the circle of persons that could independently build agent-based simulation models on innovation diffusion. We see the classical role of the modeler extended by the role of the user (also referred to as 'thematician' [29, 30] ).
Such a user can build and apply diffusion models without requiring programming or simulation skills. Except for extending a library of model components, the commonly required implementation by modelers and computer scientists [29, 30] is not required. A user only has to process and provide the required input data, as well as interpret the generated model results. From a perspective of innovation diffusion, we regard this widening of the circle of adopters a crucial service to the spreading of agent-based modeling as an innovative forecasting method.
Future research
We suggest to progress this study in three directions.
First, the central phase of inverse modeling is crucial to the proposed automation procedure and could be improved. We Overall, we believe these future development and applications will encourage users who are not model builders to apply the proposed automation approach. The here presented design is meant to assist them in exploiting the merits of agent-based modeling of innovation diffusion.
